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TRAINING NEURAL NETWORKS USING
SYNTHETIC GRADIENTS

This application is a national stage application under 35
U.S.C. 371 of international application no. PCT/US2017/
033697, filed May 19, 2017, which claims priority to U.S.
provisional patent application No. 62/339,764, filed May 20,
2016, the entire contents of which are hereby incorporated
by reference.

BACKGROUND

This specification relates to training neural networks.

Neural networks are machine learning models that
employ one or more layers of nonlinear units to predict an
output for a received input. Some neural networks include
one or more hidden layers in addition to an output layer. The
output of each hidden layer is used as input to the next layer
in the network, i.e., the next hidden layer or the output layer.
Each layer of the network generates an output from a
received input in accordance with current values of a respec-
tive set of parameters.

Some neural networks are recurrent neural networks. A
recurrent neural network is a neural network that receives an
input sequence and generates an output sequence from the
input sequence. In particular, a recurrent neural network can
use some or all of the internal state of the network from a
previous time step in computing an output at a current time
step.

SUMMARY

This specification describes a system implemented as
computer programs on one or more computers in one or
more locations that trains a neural network on multiple
training inputs, i.e., to determine trained values of the
parameters of the neural network by optimizing an objective
function.

In general, one innovative aspect of the subject matter
described in this specification can be embodied in methods
performed by one or more computers for training a neural
network on a plurality of training inputs by optimizing an
objective function, wherein the neural network is configured
to receive a network input and to process the network input
to generate a network output; the neural network includes a
first subnetwork followed by a second subnetwork; and the
first subnetwork is configured to, during the processing of
the network input by the neural network, receive a subnet-
work input, process the subnetwork input to generate a
subnetwork activation, and provide the subnetwork activa-
tion as input to the second subnetwork. The methods include
the actions of processing the training input using the neural
network to generate a training model output for the training
input, including processing a subnetwork input for the
training input using the first subnetwork to generate a
subnetwork activation for the training input in accordance
with current values of parameters of the first subnetwork and
providing the subnetwork activation as input to the second
subnetwork; determining a synthetic gradient of the objec-
tive function for the first subnetwork by processing the
subnetwork activation using a synthetic gradient model in
accordance with current values of parameters of the syn-
thetic gradient model; and updating the current values of the
parameters.

Other embodiments of this aspect can include one or more
of'the following optional features. In some implementations,
the synthetic gradient model is a different neural network
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from each of the neural network, the first subnetwork, and
the second subnetwork. In some implementations, the meth-
ods include the actions of, for each training input, determin-
ing a target gradient for the first subnetwork and updating
the current values of the parameters of the synthetic gradient
model based on an error between the target gradient and the
synthetic gradient.

In some implementations, determining the target gradient
for the first subnetwork includes backpropagating an actual
gradient of the objective function through the neural net-
work to determine the target gradient; or backpropagating a
synthetic gradient for the second subnetwork through the
second subnetwork to determine the target gradient for the
first subnetwork. In some implementations, the first subnet-
work includes multiple neural network layers, and updating
the current values of the parameters of the first subnetwork
using the synthetic gradient includes backpropagating the
synthetic gradient through the first subnetwork to update the
current values of the parameters of the first subnetwork. In
some implementations, the neural network is a feedforward
neural network, the first subnetwork is a first neural network
layer, and the second subnetwork is a second neural network
layer.

In some implementations, the methods further include the
actions of determining at least one future synthetic gradient
of the objective function for the first subnetwork by pro-
cessing the subnetwork activation using the synthetic gra-
dient model in accordance with current values of parameters
of the synthetic gradient model; and updating the current
values of the parameters of the synthetic gradient model
based on an error between each future synthetic gradient and
a corresponding target future gradient. In some implemen-
tations, updating the current values of the parameters of the
first subnetwork using the synthetic gradient includes updat-
ing the current values of the parameters using the synthetic
gradient in place of an actual backpropagated gradient. In
some implementations, updating the current values of the
parameters of the first subnetwork using the synthetic gra-
dient includes updating the current values of the parameters
using the synthetic gradient asynchronously from updating
current values of the parameters of the second subnetwork.

In some implementations, the first subnetwork is imple-
mented on one computing device and the second subnetwork
is implemented on a different computing device; and the
training is optionally part of a distributed machine learning
training process that distributes the training across multiple
computing devices. In some implementations, the subnet-
work input for the training input is a synthetic subnetwork
input, and the methods include the actions of processing the
training input using a synthetic input model that is config-
ured to process the training input to generate the synthetic
subnetwork input. In some implementations, the subnetwork
input for the training input is an actual subnetwork input.

Other embodiments of this aspect include corresponding
computer systems, apparatus, and computer programs
recorded on one or more computer storage devices, each
configured to perform the actions of the methods. A system
of one or more computers can be configured to perform
particular operations or actions by virtue of software, firm-
ware, hardware, or any combination thereof installed on the
system that in operation may cause the system to perform the
actions. One or more computer programs can be configured
to perform particular operations or actions by virtue of
including instructions that, when executed by data process-
ing apparatus, cause the apparatus to perform the actions.

The subject matter described in this specification can be
implemented in particular embodiments so as to realize one
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or more of the following advantages. Neural networks can
be trained more efficiently using measures that approximate
a gradient of an objective function, i.e., measures that are
calculated locally for subnetworks without using the actual
gradient of the loss function. Neural networks can be scaled
to include multiple subnetworks, while at the same time
reducing the increase in computational time-cost of and
processing power associated with training those neural net-
works because of their scaled size. Training of subnetworks
of neural networks can be more easily parallelized because
training of some subnetworks will not be depend on back-
propagation of gradients from subsequent subnetworks.
Training techniques can approximate gradients of a recur-
rent neural network from a much larger horizon than the
time boundary length used in the truncated backpropagation
through time techniques. Neural networks that include tem-
porally hierarchical or modular models can be trained using
training techniques that allow approximated error signals to
flow between temporal boundaries or modules of those
models, while still allowing those temporal boundaries or
modules to be optimized at different timescales.

The details of one or more embodiments of the subject
matter of this specification are set forth in the accompanying
drawings and the description below. Other features, aspects,
and advantages of the subject matter will become apparent
from the description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows an example neural network system.

FIG. 2A-2B are data flow diagrams of processes for
training subnetworks of neural networks using synthetic
gradients.

FIG. 3 is a flow-diagram of an example process for
training a subnetwork of a neural network using a synthetic
gradient for the subnetwork.

FIG. 4 is a flow diagram of an example process for
training a synthetic gradient model for a subnetwork of a
neural network.

Like reference numbers and designations in the various
drawings indicate like elements.

DETAILED DESCRIPTION

FIG. 1 shows an example neural network system 100. The
neural network system 100 is an example of a system
implemented as computer programs on one or more com-
puters in one or more locations, in which the systems,
components, and techniques described below can be imple-
mented.

The neural network system 100 includes a neural network
110. The neural network 110 can be configured to perform
any kind of machine learning task, i.e., to receive any kind
of digital data input and to generate any kind of score,
classification, or regression output based on the input.

For example, if the inputs to a neural network are images
or features that have been extracted from images, the output
generated by the neural network for a given image may be
scores for each of a set of object categories, with each score
representing an estimated likelihood that the image contains
an image of an object belonging to the category.

As another example, if the inputs to a neural network are
Internet resources (e.g., web pages), documents, or portions
of documents or features extracted from Internet resources,
documents, or portions of documents, the output generated
by the neural network for a given Internet resource, docu-
ment, or portion of a document may be a score for each of
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a set of topics, with each score representing an estimated
likelihood that the Internet resource, document, or document
portion is about the topic.

As another example, if the inputs to a neural network are
features of an impression context for a particular interactive
content (such as content containing a hyperlink to other
content), the output generated by the neural network may be
a score that represents an estimated likelihood that the
particular content will be clicked on or interacted with.

As another example, if the inputs to a neural network are
features of a personalized recommendation for a user, e.g.,
features characterizing the context for the recommendation,
e.g., features characterizing previous actions taken by the
user, the output generated by the neural network may be a
score for each of a set of content items, with each score
representing an estimated likelihood that the user will
respond favorably to being recommended the content item.

As another example, if the input to a neural network is text
in one language, the output generated by the neural network
may be a score for each of a set of pieces of text in another
language, with each score representing an estimated likeli-
hood that the piece of text in the other language is a proper
translation of the input text into the other language.

As another example, if the input to a neural network is a
spoken utterance, a sequence of spoken utterances, or fea-
tures derived from one of the two, the output generated by
the neural network may be a score for each of a set of pieces
of text, each score representing an estimated likelihood that
the piece of text is the correct transcript for the utterance or
sequence of utterances.

The neural network 110 can be a feed-forward neural
network or a recurrent neural network (RNN). A feedfor-
ward neural network is a neural network that does not
include cycles, while an RNN is a neural network 110 that
includes cycles. Generally, an RNN is configured to, at each
time step of multiple time steps, process input values for the
time step to generate an updated hidden state to provide to
a next time step of the multiple time step. Thus, when
unrolled, an RNN includes multiple execution stages, where
each execution stage corresponds to a different time step in
the execution of RNN, i.e. each execution stage corresponds
to a different time step during the processing of an input to
the RNN.

The neural network 110 includes multiple subnetworks,
e.g., a first subnetwork 111 and a second subnetwork 112.
Each subnetwork in the neural network 110 can include one
or more feed-forward neural network layers or one or more
time steps of an RNN. In the context of a feedforward neural
network, each subnetwork can include one or more layers of
the neural network. In the context of an RNN, each subnet-
work can include one or more time steps during the pro-
cessing of an input to the RNN.

The subnetworks of the neural network 110 are ordered
according to a particular order of execution of the subnet-
works. For example, a feedforward neural network can have
an input layer as its first subnetwork in the particular order,
a first hidden layer as its second subnetwork in the particular
order, and an output layer as its last subnetwork in the
particular order. An RNN can have a first time step as its first
subnetwork in the particular order, a second time step as its
subnetwork in the particular order, and so on.

Each subnetwork in the neural network 110 other than a
last subnetwork in the particular order of the subnetworks
can receive a subnetwork input and process the subnetwork
input to generate a subnetwork activation and provide the
subnetwork activation to a next subnetwork in the particular
order of the subnetworks of the neural network 110. For
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example, the first subnetwork 111 generates a subnetwork
activation 112 and provides the subnetwork activation 121 to
the second subnetwork 112.

The subnetwork activation generated by a particular sub-
network includes values that the particular subnetwork gen-
erates by processing its inputs in accordance with a set of
parameter values and applying non-linear transformation
functions to the results of that processing. Examples of
subnetwork activations include activation values generated
by a layer in a feed-forward neural network or hidden state
values generated during a time step in execution of an RNN.

In order to improve the capability of the neural network
110 to perform a machine learning task, the neural network
system 100 trains the neural network 110 by updating the
parameters of the subnetworks of the neural network 110 to
optimize an objective function that measures the perfor-
mance of the neural network 110 on a particular task, e.g.,
is based on a measure of difference between target outputs
in the training data and one or more outputs of the neural
network, e.g., a loss function, a reward function, a utility
function, etc.

In some training algorithms, the neural network system
100 updates the parameters of the subnetworks of the neural
network 110 by computing a gradient of the objective
function with respect to the parameters of the neural network
110. Because the objective function depends on the output of
the neural network 110 and the output of the neural network
110 in turn depends on the outputs of the subnetworks of the
neural network 110, the neural network system 100 can
compute the gradient of the objective function with respect
to parameters of each particular subnetwork only after the
neural network system 100 has computed gradients of the
objective function for every subnetwork after the particular
subnetwork in the particular order of the subnetworks of the
neural network 110. This requires a forward propagation of
output values from the particular subnetwork to a last
subnetwork in the particular order of the subnetworks in the
neural network 110 and a backward propagation of gradients
of the objective function from the last subnetwork to the
particular subnetwork. This in essence locks the training of
aparticular subnetwork to the training of all the subnetworks
after the particular subnetwork in the particular order of the
subnetworks of the neural network 110.

Instead of using a gradient of an objective function to train
a particular subnetwork, the neural network system 100 can
use a synthetic gradient for the particular subnetwork to train
the particular subnetwork. The synthetic gradient for a
particular subnetwork is an approximation of the gradient of
the objective function for the particular subnetwork that is
computed based on the subnetwork activation generated by
the particular subnetwork.

The synthetic gradient for a particular subnetwork is
generated by a synthetic gradient model for the particular
subnetwork. The synthetic gradient model for a particular
subnetwork receives as input the subnetwork activation of
the particular subnetwork and processes the input in accor-
dance with a set of parameters to generate the synthetic
gradient for the particular subnetwork. Once trained, a
synthetic gradient model can generate the synthetic gradient
without using the loss gradient for the particular subnet-
work.

The synthetic gradient model for a particular subnetwork
may itself be a neural network. In some implementations,
the synthetic gradient model includes a linear layer. In some
implementations, the synthetic gradient model is a multi-
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6

layer perceptron neural network. In some implementations,
the synthetic gradient model is a convolutional neural net-
work.

For example, to train the first subnetwork 111, the first
subnetwork 111 sends its subnetwork activation 121 to a
synthetic gradient model 113 in addition to sending the
subnetwork activation 121 to the second subnetwork 112.
The synthetic gradient model 113 processes the subnetwork
activation 121 to generate a synthetic gradient 122 for the
first subnetwork 113. The neural network system 100 can
update the parameters of the first subnetwork 111 using the
synthetic gradient 122, e.g., in accordance with a gradient
descent algorithm and in place of an actual gradient of the
objective function.

Thus, a particular subnetwork can be trained using a
synthetic gradient for the particular subnetwork, which is an
approximation of the gradient of the objective function for
the particular subnetwork that is computed without using the
gradient of the objective function and thus without the need
for the forward propagation and the backward propagation
needed to compute the actual gradient. Therefore, training a
particular subnetwork using a synthetic gradient can avoid
locking the training of a particular subnetwork in the neural
network 110 to training of subsequent subnetworks in the
particular order of the subnetworks and thus make training
a neural network 110 more efficient, both in terms of speed
and/or computational complexity/processing power. This
gain in efficiency is especially important for neural networks
110 that have a large number of subnetworks.

In order to improve capability of a synthetic gradient
model to estimate the loss gradient for a corresponding
subnetwork, the neural network system 100 trains the syn-
thetic gradient using a model training engine 114.

The model training engine 114 trains a synthetic gradient
model for a particular subnetwork by updating the param-
eters of the synthetic gradient model in accordance with
conclusions derived from a target gradient 126 for the
particular subnetwork. The model training engine 114 can
calculate a measure of error between the target gradient 126
for the particular subnetwork and the synthetic gradient
generated by the synthetic gradient model for the particular
subnetwork and update the parameters of the synthetic
gradient model in accordance with the measure of error, e.g.,
using a training algorithm that uses gradient descent with
backpropagation

The model training engine 114 receives target gradients
126 from a target gradient engine 116. The target gradient
engine 116 can generate a target gradient 126 for any
particular subnetwork in the neural network 110.

The model training engine 114 can train a synthetic
gradient model during the training of first subnetwork 111
using a particular set of training data. For example, when the
synthetic gradient model 113 generates a synthetic gradient,
the model training engine 114 can store that value and, after
it obtains a target gradient corresponding to the subnetwork
activation used to generate stored synthetic gradient from
the target gradient engine 116, the model training engine 114
can compute a measure of error between the stored synthetic
gradient and the obtained target gradient and update the
parameters of the synthetic gradient model 114 in accor-
dance with the computed measure of error. Thus, the model
training engine 114 can update the values of the parameters
of a synthetic gradient model during training of the neural
network 110.
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Generating target gradients for subnetworks of a neural
network 100 and training the subnetworks using those target
gradients is described in greater detail below with reference
to FIG. 3.

The subnetwork input to a particular subnetwork may be
a training input, an input determined based on an output of
a previous subnetwork of the neural network 110 in the
particular order of the subnetworks of the neural network
110, or a synthetic input.

A synthetic input for a particular subnetwork is an
approximation of an activation value of a subnetwork before
the particular subnetwork in the particular order of the
subnetworks of the neural network 110. A synthetic input for
a particular subnetwork can be generated using a synthetic
input model for the subnetwork.

A synthetic model for a particular subnetwork in the
neural network 110 is configured to receive a training input
for the neural network 110, process the training input in
accordance with a set of parameter values, and generate a
synthetic input for the particular subnetwork 127. For
example, the synthetic input model 117 is configured to
process a training input to the neural network 110 in accor-
dance with a set of parameter values to generate the syn-
thetic input 127 for the second subnetwork 112. A synthetic
input model for a particular subnetwork can be a separate
neural network.

A synthetic input for a particular subnetwork approxi-
mates a subnetwork activation of a previous subnetwork in
the particular order of the subnetworks of the neural network
110 by using the training input to the neural network 110 and
without using the subnetwork activation of the previous
subnetwork. As such, supplying a synthetic input to a
particular subnetwork instead of a subnetwork activation of
a previous subnetwork can avoid locking the execution of
the particular subnetwork to the execution of previous
subnetworks in the particular orders of the subnetworks of
the neural network 110 and thus can improve the speed of
inference and/or training of the neural network 110.

The neural network system 100 can train a synthetic input
model for a particular subnetwork by updating the param-
eters of the synthetic input model, e.g., using a training
algorithm that uses gradient descent and backpropagation, in
accordance with a measure of error between a synthetic
input generated by the synthetic input model and a target
input for the particular subnetwork. The target input for the
particular subnetwork can be the subnetwork activation of a
subnetwork of the neural network 110 that gets executed
before the particular subnetwork or an output of a previous
subnetwork that gets executed before the subnetwork based
on processing a synthetic input for the previous input in
accordance with a set of parameter values of the previous
subnetwork.

The synthetic input model can be a separate neural
network. The synthetic input model may have any particular
architecture, e.g., a neural network architecture that includes
at least one of one or more feedforward fully-connected
layers, one or more feedforward convolutional layers, and
one or more recurrent layers.

A training engine can train the synthetic input gradient
model for a particular subnetwork during the training of the
particular subnetwork using a particular set of training data.
For example, when the synthetic input model generates a
synthetic input, the training engine can store that value and,
after it obtains a target input corresponding to the synthetic
input from a previous subnetwork in a particular order of the
subnetworks of the neural network 110, the training engine
can compute a measure of error between the stored synthetic

15

20

30

40

45

8

input and the obtained target input and update the parameters
of the synthetic input model in accordance with the com-
puted measure of error. Thus, a training engine can update
the values of the parameters of a synthetic input gradient
model during training of the neural network 110.

FIGS. 2A-2C are data flow diagrams of processes for
training subnetworks of neural networks using synthetic
gradients.

FIG. 2A depicts two subnetworks, e.g., layers, of a
feed-forward neural network, i.e., subnetwork i 201 and
subnetwork i+1 202, each identified by a corresponding
function F. A synthetic gradient model M, 203 receives as
input h,, the subnetwork activation generated by the subnet-
work 1 201, and processes that input to generate 3", the
synthetic gradient for subnetwork i 201. The synthetic
gradient is an approximation of di, the loss gradient for
subnetwork 1 201. The synthetic gradient model 203 can be
trained using a measure of error between 0i and d'i.

FIG. 2B depicts four subnetworks of an unrolled recurrent
neural network, each subnetwork corresponding to a respec-
tive time step during the processing of an input by the RNN,
i.e., subnetwork j 210, subnetwork j+1 211, subnetwork j+2
212, and subnetwork j+3 213. Each subnetwork produces an
output, i.e., y,, where n is the identifier of the subnetwork,
and a subnetwork activation such as a hidden state, i.e., h,
where n is the identifier of the subnetwork, that is supplied
as an input to a next subnetwork in the neural network, i.e.,
for use in processing the input at the next time step.

Each subnetwork provides its subnetwork activation to a
corresponding synthetic gradient model, i.e., synthetic gra-
dient model 220 for subnetwork j 210, synthetic gradient
model 221 for subnetwork j+1 211, synthetic gradient model
222 for subnetwork j+2 212, and synthetic gradient model
223 for subnetwork j+3 213. Each synthetic gradient model
processes the subnetwork activation of the corresponding
subnetwork to generate a synthetic gradient for the corre-
sponding subnetwork and provides the synthetic gradient to
the particular subnetwork. A training engine, e.g., a training
engine of the neural network system of FIG. 1, uses the
synthetic gradient received from a corresponding synthetic
gradient model to update the parameters of the synthetic
gradient model.

Each synthetic gradient model for a particular subnetwork
can be trained using a measure of error between a synthetic
gradient generated by the synthetic gradient model and a
target gradient for the particular subnetwork, i.e., 9, where
n is the identifier of the particular subnetwork.

During the training of a synthetic gradient model for a
particular subnetwork, each synthetic gradient model can be
configured to generate a future synthetic gradient, i.e. future
gradient 8", ;. The future synthetic gradient for a particular
subnetwork is a prediction, based on the subnetwork acti-
vation for the particular subnetwork, of a predicted gradient
of an objective function for a predetermined subsequent
subnetwork after the particular subnetwork in a particular
order of subnetworks in the neural network. For example,
the future synthetic gradient for a particular subnetwork may
be an prediction of a synthetic gradient for a last subnetwork
in a time boundary including the particular subnetwork, such
as a time boundary defined by a truncated training algorithm
such as a truncated backpropagation through time algorithm
that includes the particular subnetwork.

A training engine can use the future synthetic gradient for
a particular subnetwork, along with the synthetic gradient
for the particular subnetwork, to train the synthetic gradient
model for the particular subnetwork. The training engine can
compute a measure of error between a future synthetic
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gradient and a target gradient that is a gradient of the
objective function for the particular subsequent subnetwork
after the particular network, i.e., target gradient 0,,,, and
update the parameters of the synthetic gradient model to
minimize the measure of error.

A training engine can train the synthetic gradient model
for a particular subnetwork to generate a future synthetic
gradient model for the particular subnetwork during training
of the particular network. Thus, the training engine can
update the values of the parameters of a synthetic gradient
model for a subnetwork of a neural network during the
training of the neural network.

FIG. 3 is a flow-diagram of an example process 300 for
training a subnetwork of a neural network using a synthetic
gradient for the subnetwork. For convenience, the process
300 will be described as being performed by a system of one
or more computers located in one or more locations. For
example, a neural network system, e.g., the neural network
system 100 of FIG. 1, appropriately programmed in accor-
dance with this specification, can perform the process 300.

The system receives a training input for the subnetwork
(310) and processes the training input using the subnetwork
to generate a subnetwork activation (320).

The system processes the subnetwork activation using a
synthetic gradient model to generate a synthetic gradient for
the subnetwork (330).

The synthetic gradient model processes the synthetic
gradient using a set of parameters. The synthetic gradient
model uses the set of parameters to transform a subnetwork
activation to generate the synthetic gradient value that
approximates a loss gradient for the subnetwork.

The set of parameters of the synthetic gradient model can
be updated by training the synthetic gradient model. Train-
ing the synthetic gradient model is described in greater
below with reference to FIG. 4.

For example, the synthetic gradient model for the sub-
network can be a feed-forward neural network including two
or more layers that processes the subnetwork activation
through the layers in accordance with parameters of the
nodes of each layer. A final layer of the synthetic gradient
model can generate the synthetic gradient for the subnet-
work.

The system updates current values of the parameters of
the subnetwork using the synthetic gradient model (340).
For example, if the system obtains the synthetic gradient for
a subnetwork i, the system can update the current values of
a subnetwork n that is before the subnetwork i in the
particular order of subnetworks of the neural network by
performing the operations of the following gradient-based
update rule:

0o 6’6}“ L )
—0,—ad —
- - a‘aenne{, , i},

where 0,, is a data structure that includes the parameters of
a subnetwork n, a is a learning rate, d'; is the synthetic
gradient for the subnetwork i, and

dhi
30n

is a gradient of the output of the subnetwork i with respect
to the parameters of the subnetwork n.
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Performing the operations of the update rule noted above
does not require a complete forward propagation of output
values and backward propagation of gradient values in the
neural network because all of the terms of that rule can be
calculated after execution of the subnetwork and without the
need for a complete forward and backward propagation of
the neural network. This is in contrast to existing gradient-
based update rules that include a loss gradient term that
typically is computed with a complete forward and back-
ward propagation of the neural network. By replacing the
costly gradient loss term with the more efficient synthetic
gradient term, the above update rule can increase the overall
efficiency of training subnetworks of neural networks.

If a subnetwork includes multiple layers or time steps, to
determine updates to parameter values of layers or time
steps other than the top layer or time step in the subnetwork,
a training engine may need to backpropagate a synthetic
gradient through the layers or time steps in the subnetwork
from the top layer or time step.

FIG. 4 is a flow diagram of an example process 400 for
training a synthetic gradient model for a subnetwork of a
neural network. For convenience, the process 400 will be
described as being performed by a system of one or more
computers located in one or more locations. For example, a
neural network system, e.g., the neural network system 100
of FIG. 1, appropriately programmed in accordance with this
specification, can perform the process 400.

The system obtains a synthetic gradient (410) and a target
gradient (420) for a particular subnetwork.

In some implementations, the system computes the target
gradient by backpropagating an actual gradient of a loss
function through the neural network. In other words, the
target gradient for the subnetwork is the loss gradient that
many training algorithms calculate through backpropagation
to use to directly train the subnetwork.

In some other implementations, the system computes the
target gradient by backpropogating a synthetic gradient for
a next subnetwork that is executed after the particular
subnetwork through the next subnetwork. In other words,
the target gradient is itself a synthetically generated value
that is generated based on a synthetic gradient of a subse-
quent subnetwork.

The system determines a measure of error, such as an [.2
distance measure of error, between the target gradient and
the synthetic gradient (430) and updates parameters of the
synthetic gradient model based on the measure of error
(440). In some implementations, the system updates the
parameters of the synthetic gradient model based on a
training algorithm that uses backpropagation and gradient
descent.

Embodiments of the subject matter and the functional
operations described in this specification can be imple-
mented in digital electronic circuitry, in tangibly-embodied
computer software or firmware, in computer hardware,
including the structures disclosed in this specification and
their structural equivalents, or in combinations of one or
more of them. Embodiments of the subject matter described
in this specification can be implemented as one or more
computer programs, i.e., one or more modules of computer
program instructions encoded on a tangible non transitory
program carrier for execution by, or to control the operation
of, data processing apparatus. Alternatively or in addition,
the program instructions can be encoded on an artificially
generated propagated signal, e.g., a machine-generated elec-
trical, optical, or electromagnetic signal, that is generated to
encode information for transmission to suitable receiver
apparatus for execution by a data processing apparatus. The
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computer storage medium can be a machine-readable stor-
age device, a machine-readable storage substrate, a random
or serial access memory device, or a combination of one or
more of them. The computer storage medium is not, how-
ever, a propagated signal.

The term “data processing apparatus”™ encompasses all
kinds of apparatus, devices, and machines for processing
data, including by way of example a programmable proces-
sor, a computer, or multiple processors or computers. The
apparatus can include special purpose logic circuitry, e.g., an
FPGA (field programmable gate array) or an ASIC (appli-
cation specific integrated circuit). The apparatus can also
include, in addition to hardware, code that creates an execu-
tion environment for the computer program in question, e.g.,
code that constitutes processor firmware, a protocol stack, a
database management system, an operating system, or a
combination of one or more of them.

A computer program (which may also be referred to or
described as a program, software, a software application, a
module, a software module, a script, or code) can be written
in any form of programming language, including compiled
or interpreted languages, or declarative or procedural lan-
guages, and it can be deployed in any form, including as a
stand alone program or as a module, component, subroutine,
or other unit suitable for use in a computing environment. A
computer program may, but need not, correspond to a file in
a file system. A program can be stored in a portion of a file
that holds other programs or data, e.g., one or more scripts
stored in a markup language document, in a single file
dedicated to the program in question, or in multiple coor-
dinated files, e.g., files that store one or more modules, sub
programs, or portions of code. A computer program can be
deployed to be executed on one computer or on multiple
computers that are located at one site or distributed across
multiple sites and interconnected by a communication net-
work.

As used in this specification, an “engine,” or “software
engine,” refers to a software implemented input/output sys-
tem that provides an output that is different from the input.
An engine can be an encoded block of functionality, such as
a library, a platform, a software development kit (“SDK”),
or an object. Each engine can be implemented on any
appropriate type of computing device, e.g., servers, mobile
phones, tablet computers, notebook computers, music play-
ers, e-book readers, laptop or desktop computers, PDAs,
smart phones, or other stationary or portable devices, that
includes one or more processors and computer readable
media. Additionally, two or more of the engines may be
implemented on the same computing device, or on different
computing devices.

The processes and logic flows described in this specifi-
cation can be performed by one or more programmable
computers executing one or more computer programs to
perform functions by operating on input data and generating
output. The processes and logic flows can also be performed
by, and apparatus can also be implemented as, special
purpose logic circuitry, e.g., an FPGA (field programmable
gate array) or an ASIC (application specific integrated
circuit).

Computers suitable for the execution of a computer
program include, by way of example, can be based on
general or special purpose microprocessors or both, or any
other kind of central processing unit. Generally, a central
processing unit will receive instructions and data from a read
only memory or a random access memory or both. The
essential elements of a computer are a central processing
unit for performing or executing instructions and one or
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more memory devices for storing instructions and data.
Generally, a computer will also include, or be operatively
coupled to receive data from or transfer data to, or both, one
or more mass storage devices for storing data, e.g., mag-
netic, magneto optical disks, or optical disks. However, a
computer need not have such devices. Moreover, a computer
can be embedded in another device, e.g., a mobile telephone,
a personal digital assistant (PDA), a mobile audio or video
player, a game console, a Global Positioning System (GPS)
receiver, or a portable storage device, e.g., a universal serial
bus (USB) flash drive, to name just a few.

Computer readable media suitable for storing computer
program instructions and data include all forms of non-
volatile memory, media and memory devices, including by
way of example semiconductor memory devices, e.g.,
EPROM, EEPROM, and flash memory devices; magnetic
disks, e.g., internal hard disks or removable disks; magneto
optical disks; and CD ROM and DVD-ROM disks. The
processor and the memory can be supplemented by, or
incorporated in, special purpose logic circuitry.

To provide for interaction with a user, embodiments of the
subject matter described in this specification can be imple-
mented on a computer having a display device, e.g., a CRT
(cathode ray tube) or LCD (liquid crystal display) monitor,
for displaying information to the user and a keyboard and a
pointing device, e.g., a mouse or a trackball, by which the
user can provide input to the computer. Other kinds of
devices can be used to provide for interaction with a user as
well; for example, feedback provided to the user can be any
form of sensory feedback, e.g., visual feedback, auditory
feedback, or tactile feedback; and input from the user can be
received in any form, including acoustic, speech, or tactile
input. In addition, a computer can interact with a user by
sending documents to and receiving documents from a
device that is used by the user; for example, by sending web
pages to a web browser on a user’s client device in response
to requests received from the web browser.

Embodiments of the subject matter described in this
specification can be implemented in a computing system that
includes a back end component, e.g., as a data server, or that
includes a middleware component, e.g., an application
server, or that includes a front end component, e.g., a client
computer having a graphical user interface or a Web browser
through which a user can interact with an implementation of
the subject matter described in this specification, or any
combination of one or more such back end, middleware, or
front end components. The components of the system can be
interconnected by any form or medium of digital data
communication, e.g., a communication network. Examples
of communication networks include a local area network
(“LAN”) and a wide area network (“WAN”), e.g., the
Internet.

The computing system can include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other.

While this specification contains many specific imple-
mentation details, these should not be construed as limita-
tions on the scope of any invention or of what may be
claimed, but rather as descriptions of features that may be
specific to particular embodiments of particular inventions.
Certain features that are described in this specification in the
context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various
features that are described in the context of a single embodi-
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ment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover,
although features may be described above as acting in
certain combinations and even initially claimed as such, one
or more features from a claimed combination can in some
cases be excised from the combination, and the claimed
combination may be directed to a subcombination or varia-
tion of a subcombination.

Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations
be performed, to achieve desirable results. In certain cir-
cumstances, multitasking and parallel processing may be
advantageous. Moreover, the separation of various system
modules and components in the embodiments described
above should not be understood as requiring such separation
in all embodiments, and it should be understood that the
described program components and systems can generally
be integrated together in a single software product or pack-
aged into multiple software products.

Particular embodiments of the subject matter have been
described. Other embodiments are within the scope of the
following claims. For example, the actions recited in the
claims can be performed in a different order and still achieve
desirable results. As one example, the processes depicted in
the accompanying figures do not necessarily require the
particular order shown, or sequential order, to achieve
desirable results. In certain implementations, multitasking
and parallel processing may be advantageous.

What is claimed is:

1. A method performed by one or more computers for
training a neural network to perform a task on training data
comprising a plurality of training inputs by optimizing an
objective function,

wherein the neural network is configured to receive a

network input and to process the network input to
generate a network output,

wherein the objective function is based on a measure of

difference between (i) network outputs generated by the
neural network by processing the training inputs and
(1) respective target outputs for each of the training
inputs that are specified in the training data,

wherein the neural network comprises a plurality of

subnetworks that include a first subnetwork followed
by a second subnetwork and followed by a last sub-
network,

wherein the first subnetwork is configured to, during the

processing of the network input by the neural network,
receive a corresponding subnetwork input for the net-
work input, process the corresponding subnetwork
input for the network input to generate a corresponding
subnetwork activation for the network input, and pro-
vide the corresponding subnetwork activation for the
network input as input to the second subnetwork, and
wherein the method comprises, for each training input:
processing the training input using the neural network
to generate a training model output for the training
input, comprising:
inputting, into the first subnetwork, a corresponding
subnetwork input for the training input;
processing the corresponding subnetwork input for the
training input using the first subnetwork to generate
a corresponding subnetwork activation for the train-
ing input in accordance with current values of
parameters of the first subnetwork, and
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providing the corresponding subnetwork activation for
the training input as input to the second subnetwork;

determining a synthetic gradient for the first subnet-
work that is an approximation of a gradient of the
objective function with respect to parameters of the
first subnetwork, wherein computing the gradient of
the objective function with respect to parameters of
the first subnetwork requires backward propagation
of gradients from the last subnetwork to the second
subnetwork and from the second subnetwork into the
first subnetwork, and wherein determining the syn-
thetic gradient that is an approximation of the gra-
dient comprises processing the corresponding sub-
network activation using a synthetic gradient model
for the first subnetwork in accordance with current
values of parameters of the synthetic gradient model,
wherein the synthetic gradient model for the first
subnetwork is configured to process the correspond-
ing subnetwork activation in accordance with the
current values of the parameters of the synthetic
gradient model to generate the synthetic gradient for
the first subnetwork;

updating the current values of the parameters of the first
subnetwork using the synthetic gradient;

determining a target gradient of the objective function
with respect to the parameters of the first subnetwork
by backpropagating a gradient of the objective func-
tion with respect to parameters of the second sub-
network from the second subnetwork into the first
subnetwork; and

training the synthetic gradient model to update current
values of the parameters of the synthetic gradient
model based on an error between (i) the target
gradient of the objective function with respect to the
parameters of the first subnetwork determined by
backpropagating a gradient of the objective function
with respect to parameters of the second subnetwork
from the second subnetwork into the first subnet-
work and (ii) the synthetic gradient for the first
subnetwork that is an approximation of the gradient
of the objective function with respect to the param-
eters of the first subnetwork.

2. The method of claim 1, wherein the synthetic gradient
model is a different neural network from each of the neural
network, the first subnetwork, and the second subnetwork.

3. The method of claim 1, wherein the gradient of the
objective function with respect to parameters of the second
subnetwork from the second subnetwork into the first sub-
network is:

an actual gradient of the objective function that has been

backpropagated through the neural network; or

a synthetic gradient for the second subnetwork.

4. The method of claim 1, wherein the first subnetwork
comprises multiple neural network layers, and wherein
updating the current values of the parameters of the first
subnetwork using the synthetic gradient comprises:

backpropagating the synthetic gradient through the first

subnetwork to update the current values of the param-
eters of the first subnetwork.

5. The method of claim 1, wherein the neural network is
a feedforward neural network, the first subnetwork is a first
neural network layer, and the second subnetwork is a second
neural network layer.

6. The method of claim 1, wherein the neural network is
an unrolled recurrent neural network, the first subnetwork is
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the recurrent neural network at a first time step, and the
second subnetwork is the recurrent neural network at a
second time step.
7. The method of claim 6, further comprising:
determining at least one future synthetic gradient of the
objective function for the first subnetwork by process-
ing the corresponding subnetwork activation for the
training input using the synthetic gradient model for the
first subnetwork in accordance with current values of
parameters of the synthetic gradient model; and

updating the current values of the parameters of the
synthetic gradient model based on an error between
each future synthetic gradient and a corresponding
target future gradient.

8. The method of claim 1, wherein updating the current
values of the parameters of the first subnetwork using the
synthetic gradient comprises updating the current values of
the parameters using the synthetic gradient in place of an
actual backpropagated gradient.

9. The method of claim 1, wherein updating the current
values of the parameters of the first subnetwork using the
synthetic gradient comprises updating the current values of
the parameters using the synthetic gradient asynchronously
from updating current values of the parameters of the second
subnetwork.

10. The method of claim 1, wherein the first subnetwork
is implemented on one computing device and the second
subnetwork is implemented on a different computing device;
and wherein:

the training is part of a distributed machine learning

training process that distributes the training across
multiple computing devices.

11. The method of claim 1, wherein the corresponding
subnetwork input for the training input is a synthetic sub-
network input, and wherein the method further comprises:

processing the training input using a synthetic input

model that is configured to process the training input to
generate the synthetic subnetwork input.

12. The method of claim 1, wherein the subnetwork input
for the training input is an actual subnetwork input.

13. One or more non-transitory computer-readable stor-
age media encoded with instructions that, when executed by
one or more computers, cause the one or more computers to
perform operations for training a neural network to perform
a task on training data comprising a plurality of training
inputs by optimizing an objective function,

wherein the neural network is configured to receive a

network input and to process the network input to
generate a network output,

wherein the objective function is based on a measure of

difference between (i) network outputs generated by the
neural network by processing the training inputs and
(1) respective target outputs for each of the training
inputs that are specified in the training data,

wherein the neural network comprises a plurality of

subnetworks that include a first subnetwork followed
by a second subnetwork and followed by a last sub-
network,

wherein the first subnetwork is configured to, during the

processing of the network input by the neural network,
receive a corresponding subnetwork input for the net-
work input, process the corresponding subnetwork
input for the network input to generate a corresponding
subnetwork activation for the network input, and pro-
vide the corresponding subnetwork activation for the
network input as input to the second subnetwork, and
wherein the operations comprise, for each training input:
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processing the training input using the neural network
to generate a training model output for the training
input, comprising:

inputting, into the first subnetwork, a corresponding
subnetwork input for the training input;

processing the corresponding subnetwork input for the
training input using the first subnetwork to generate
a corresponding subnetwork activation for the train-
ing input in accordance with current values of
parameters of the first subnetwork, and

providing the corresponding subnetwork activation for
the training input as input to the second subnetwork;

determining a synthetic gradient for the first subnet-
work that is an approximation of a gradient of the
objective function with respect to parameters of the
first subnetwork, wherein computing the gradient of
the objective function with respect to parameters of
the first subnetwork requires backward propagation
of gradients from the last subnetwork to the second
subnetwork and from the second subnetwork into the
first subnetwork, and wherein determining the syn-
thetic gradient that is an approximation of the gra-
dient comprises processing the corresponding sub-
network activation using a synthetic gradient model
for the first subnetwork in accordance with current
values of parameters of the synthetic gradient model,
wherein the synthetic gradient model for the first
subnetwork is configured to process the correspond-
ing subnetwork activation in accordance with the
current values of the parameters of the synthetic
gradient model to generate the synthetic gradient for
the first subnetwork;

updating the current values of the parameters of the first
subnetwork using the synthetic gradient;

determining a target gradient of the objective function
with respect to the parameters of the first subnetwork
by backpropagating a gradient of the objective func-
tion with respect to parameters of the second sub-
network from the second subnetwork into the first
subnetwork; and

training the synthetic gradient model to update current
values of the parameters of the synthetic gradient
model based on an error between (i) the target
gradient of the objective function with respect to the
parameters of the first subnetwork determined by
backpropagating a gradient of the objective function
with respect to parameters of the second subnetwork
from the second subnetwork into the first subnet-
work and (ii) the synthetic gradient for the first
subnetwork that is an approximation of the gradient
of the objective function with respect to the param-
eters of the first subnetwork.

14. A system comprising one or more computers and one
or more storage devices storing instructions that when
executed by the one or more computers cause the one or
more computers to perform operations for training a neural
network to perform a task on training data comprising a
plurality of training inputs by optimizing an objective func-
tion,

wherein the neural network is configured to receive a

network input and to process the network input to
generate a network output,

wherein the objective function is based on a measure of

difference between (i) network outputs generated by the
neural network by processing the training inputs and
(i) respective target outputs for each of the training
inputs that are specified in the training data,
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wherein the neural network comprises a plurality of
subnetworks that include a first subnetwork followed
by a second subnetwork and followed by a last sub-
network,
wherein the first subnetwork is configured to, during the
processing of the network input by the neural network,
receive a corresponding subnetwork input for the net-
work input, process the corresponding subnetwork
input for the network input to generate a corresponding
subnetwork activation for the network input, and pro-
vide the corresponding subnetwork activation for the
network input as input to the second subnetwork, and
wherein the operations comprise, for each training input:
processing the training input using the neural network
to generate a training model output for the training
input, comprising:
inputting, into the first subnetwork, a corresponding
subnetwork input for the training input;
processing the corresponding subnetwork input for the
training input using the first subnetwork to generate
a corresponding subnetwork activation for the train-
ing input in accordance with current values of
parameters of the first subnetwork, and
providing the corresponding subnetwork activation for
the training input as input to the second subnetwork;
determining a synthetic gradient for the first subnet-
work that is an approximation of a gradient of the
objective function with respect to parameters of the
first subnetwork, wherein computing the gradient of
the objective function with respect to parameters of
the first subnetwork requires backward propagation
of gradients from the last subnetwork to the second
subnetwork and from the second subnetwork into the
first subnetwork, and wherein determining the syn-
thetic gradient that is an approximation of the gra-
dient comprises processing the corresponding sub-
network activation using a synthetic gradient model
for the first subnetwork in accordance with current
values of parameters of the synthetic gradient model,
wherein the synthetic gradient model for the first
subnetwork is configured to process the correspond-
ing subnetwork activation in accordance with the
current values of the parameters of the synthetic
gradient model to generate the synthetic gradient for
the first subnetwork;
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updating the current values of the parameters of the first
subnetwork using the synthetic gradient;

determining a target gradient of the objective function
with respect to the parameters of the first subnetwork
by backpropagating a gradient of the objective func-
tion with respect to parameters of the second sub-
network from the second subnetwork into the first
subnetwork; and

training the synthetic gradient model to update current
values of the parameters of the synthetic gradient
model based on an error between (i) the target
gradient of the objective function with respect to the
parameters of the first subnetwork determined by
backpropagating a gradient of the objective function
with respect to parameters of the second subnetwork
from the second subnetwork into the first subnet-
work and (ii) the synthetic gradient for the first
subnetwork that is an approximation of the gradient
of the objective function with respect to the param-
eters of the first subnetwork.

15. The system of claim 14, wherein the synthetic gradient
model is a different neural network from each of the neural
network, the first subnetwork, and the second subnetwork.

16. The system of claim 14, wherein the gradient of the
objective function with respect to parameters of the second
subnetwork from the second subnetwork into the first sub-
network is:

an actual gradient of the objective function that has been
backpropagated through the neural network; or

a synthetic gradient for the second subnetwork.

17. The system of claim 14, wherein the first subnetwork
comprises multiple neural network layers, and wherein
updating the current values of the parameters of the first
subnetwork using the synthetic gradient comprises:

backpropagating the synthetic gradient through the first
subnetwork to update the current values of the param-
eters of the first subnetwork.

18. The system of claim 14, wherein the neural network
is a feedforward neural network, the first subnetwork is a
first neural network layer, and the second subnetwork is a
second neural network layer.
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